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Abstract In this paper, we propose a method for extracting thermal data from thermal image and
improving detection of heating equipment using the data. The main goal is to read the data in bytes
from the thermal image file to extract the thermal data and the real image, and to apply the composite
image obtained by synthesizing the image and data to the deep learning model to improve the detection
accuracy of the heating facility. Data of KHNP was used for evaluation data, and Faster-RCNN is used
as a learning model to compare and evaluate deep learning detection performance according to each
data group. The proposed method improved on average by 0.17 compared to the existing method in
average precision evaluation.As a result, this study attempted to combine national data-based thermal
image data and deep learning detection to improve effective data utilization.
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Fig. 1. Blur thermal image
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1.3.1 Thermal Image Processing
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Fig. 2. Thermal diagnosis through signal analysis
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Fig. 3. RGB-Depth image Feature
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1.3.2 Image Fusion

olw|x] gL F&E W2 AY HolH7} a4H=
P BAOIA ARGHELE ) ofulA] T A7E
A 23S A7 Be P FR9oH, eyl
Ty} oA ofm|x] P B HEld AA A K

Z7F FES A G5

71& oluA] YL F2E T 5 oA EA
= A9H o FE5L, ST
ol tigk £40) A5stact
o] ROI-Filtering &3}
Agkol EA4 gA 2

3,

1.3.3 Region based CNN(RCNN)
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Fig. 4. Schematic of the whole process
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Table 1. Flir Target Tags

Grayscale

Tag ID Writ Values/
Tag Name
/_Index2 able Notes
‘_header FFFHeader - FLIR Header Tags
Embedded
0x000e - Embeddedimege Tags
Image
0x002a PiP - -
Parameter
0x002e - -
Info
0x0020 Cameralnfo - -
0x0021 Measurementinfo -
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Def Extract FmbeddedImage ( € put)

Tag = — EmbeddedImage
Ifuse Thumbnail :

Tag = — Thumbnail Inage
imgStream = readBytes (< put, Tag)
Img =imgOpen(imgStream,)
imgData = saveas Numpy(Ing)

return imgData
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Table 2. raw to celsius parameters

Data Notes defulat
C Celcius value -

PB PlankB calibration contant from FLIR file 1501
PR1 PlancR1 calibration constant from FLIR file | 21106.77
PR2 PlancR2 calibration constant from FLIR file | 0.0125
raw_obj cacluated object distance -

PO PlankO calibration constant from FLIR file | -7340
PF PlankF calibration constant from FLIR file 1
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Fig. 5. (a) Cropped RGB image (b) Thermal iamge (c)
Normalized thermal image (d) Fusion image
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Table 5. Result of Average—Precision

(Hyper Parameter)= Table 43} Zt}. — E‘avs ghefcf)na' E‘GB EUSion
ean 505 52 73 67
Bearing_A 0692 | 0675 0.81 0.809
Table 4. Experiment Environment Bearing B 062 0.606 0815 0816
Bearing_C 0564 | 0.709 0.697 0.716
Parameter Value Bearing_D 0.909 0.984 0.892 0.814
st 0% {0 Lomi {0
. naing_ . . . R
Anchor_size [128.256.512] Winding C 068 0636 069 0573
Learning_rate 0.001 PCBboard 0.416 0.348 0.758 0.612
Momentum 0.9 SCR 0.545 0.0 1 1
Pooler_mode Align pooling Cable 0.186 0.255 0.65 0.49
— Circuit breaker 0.402 0.69 0.891 0.803
Weight decay 0.0005 Fuse 0427 | 0408 0.706 0.696
Warmup_factor 03333 Resistor 0.281 0.241 0.586 0.505
Busbar 0.211 0171 0.67 0.663
cT 0554 | 0321 0.466 0.53
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Fig. 7. Loss functions graph (a) class proposal loss
graph. (b) class transformer loss
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Table 7. Bad data usage result example
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